22 23 BACKGROUND: 24 Metafounders are pseudo-individuals that condense the genetic heterozygosity and 25 relationships within and across base pedigree populations, i.e. ancestral populations. This 26 work addresses estimation and usefulness of metafounder relationships in Single Step 27 GBLUP. 28 RESULTS: 29 We show that the ancestral relationship parameters are proportional to standardized 30 covariances of base allelic frequencies across populations, like Fst fixation indexes. These 31 covariances of base allelic frequencies can be estimated from marker genotypes of related 32 recent individuals, and pedigree. Simple methods for estimation include naïve 33 computation of allele frequencies from marker genotypes or a method of moments 34 equating average pedigree-based and marker-based relationships. Complex methods 35 include generalized least squares or maximum likelihood based on pedigree relationships. 36 To our knowledge, methods to infer F st coefficients and F st differentiation have not been 37 developed for related populations. 38 A compatible genomic relationship matrix constructed as a crossproduct of {-1,0,1} codes, 39 and equivalent (up to scale factors) to an identity by state relationship matrix at the 40 markers, is derived. Using a simulation with a single population under selection, in which 41 only males and youngest animals were genotyped, we observed that generalized least 42 3 squares or maximum likelihood gave accurate and unbiased estimates of the ancestral 43 relationship parameter (true value: 0.40) whereas the other two (naïve and method of 44 moments) were biased (estimates of 0.43 and 0.35). We also observed that genomic 45 evaluation by Single Step GBLUP using metafounders was less biased in terms of accurate 46 genetic trend (0.01 instead of 0.12 bias), slightly overdispersed (0.94 instead of 0.99) and 47 49 CONCLUSIONS: 50 Estimation of metafounder relationship can be achieved using BLUP-like methods with 51 pedigree and markers. Inclusion of metafounder relationships improves bias of genomic 52 predictions with no loss in accuracy. 53 54
so that for a single population is eight times the variance of allelic frequencies at the 146 base population (this variance was described by Cockerham [13] ). These equalities were 147 not described in Christensen [10] . We stress that I = C & to imply that C & (and ) is 148 a parameter, the variance of allelic frequencies [10, [14] [15] [16] ]. On the other hand, can be 149 seen as the heterozygosity in the case that all markers had an allelic frequency of 0.5. 
i.e., the covariance across loci between allelic frequencies of two populations and 6 . 154 This is almost tautological: the relationship is the covariance across gene contents at a 155 locus, here applied for populations. Christensen et al. (2015) show this in Appendix A, 156 somehow implicitly. Cockerham [13] and Robertson [17] interpret 4 C a ,C a ] as the To assess the quality of genomic predictions using one metafounder, we simulated 262 data using QMSim [24] . The simulation closely followed Vitezica et al. (2011) to mimic a 263 dairy cattle selection scheme scenario. A historical population undergoing mutation and 264 drift was generated, followed by a recent population undergoing selection. 265 First, 100 generations of the historical population were generated with an effective 266 population size of 100 during the first 95 generations, followed by a gradual expansion 267 during the last 5 generations to an effective population size of 3000. In total 30 268 chromosomes of 100 cM and 40,000 segregating biallelic markers distributed at random 269 along the chromosomes in the first generation of the historical population were simulated. 270 The 40,000 markers were resampled from a larger set of 90,000 markers in order to obtain 271 allelic frequencies from a beta(2,2) distribution, similar to dairy cattle marker data, so that section) and (5) is as in [1] . More details are given in Supplementary material. For 321 computation we used blupf90 [28] . In the case of SSGBLUP_M we constructed all 322 relationship matrices with own software, and then used the option user_file in blupf90. showed the highest variability. SSGBLUP_M displayed the lowest MSE (closer to zero), 385 followed by SSGBLUP_F (Table 1) Regression slope of TBV on EBV (overdispersion). c. Bias (average (EBV-TBV)).
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Variance components estimation The methods were also compared based on ranking correlations of EBVs with TBV and 410 across methods. A rank correlation of 1 implies that the same candidates are selected. 411 Results are in The authors found that by multiplying && '$ by a = 0.7 eliminated convergence problems 513 and increased accuracy. However, the nature of that parameter was not known, e.g. 
